Introduction
Capturing knowledge based on semantic annotations has been a major technique for creating metadata. It is beneficial for a wide range of content-oriented applications. For example, current research about the Internet has been striving to augment the syntactic information already present with semantic metadata in order to achieve a semantic web that human and software agents can understand. To this end one of the most urgent challenges is knowledge capturing, i.e., turning existing syntactic resources into knowledge structures. One possible solution is semantic annotation, i.e., to mark up the existing web documents. It is getting more and more attention in the semantic web community 1 ' 2 ' 3 ' 4 .
Most existing approaches have attempted to provide an annotation editor to facilitate the annotation process manually or semi-automatically. Some efforts were made to solve the problem automatically 5, 6 , with a main focus placed on the annotation of free texts. However, a large percentage of web documents contain data-rich tables or lists. Consider for example a web document shown in Figure 1 . It is desired to annotate these tables when a search agent searches for the flights that will leave the JFK airport at 7:00am on Friday. This is unfortunately not an easy task due to the complicated layout involved. The existing automatic annotation approaches 5 ' 6 cannot be used in this case. Reference 8
proposed a deep annotation framework that combines the presentation layer with the data description layer. But this approach involves certain requirements on the database and the sever side which may hardly be satisfied in reality. Reference 7 proposed an automatic approach by exploiting the structure of the corresponding web document, but it requires that some instances of the table already exist in the ontology instance base. This paper proposes an automatic approach to extract table instances including their values and semantic meanings (ontology concepts). The semantic annotation process can be performed automatically by creating a set of semantic metadata from the cells of these tables using the related ontology concepts. Our approach includes table detection and  table analysis techniques, and no specific restriction is required.  The table detection process identifies a table and extracts any instances from the table.  Most existing table detection techniques have relied on machine learning  9 ' 10 ' 15 . There are some problems associated with them however. For example, the approach proposed in Ref. 10 uses a page template to indicate where a table is located and uses a separator for cell extraction. But sometimes such page template does not exist and a user-defined separator can hardly fit different tables. In addition, column identification using AutoClass is not stable enough for practical applications. Table Detection and Analysis for Semantic Annotation   467   Our table detection algorithm was developed based on the regularity of table struc- tures. The algorithm uses a JDOM parser to parse a web document, and extracts the rows and columns of a table from the corresponding DomTree. We explore the DomTree in a bottom up fashion. A pattern comparison technique based on hashing is used to improve the efficiency. We use a set of Consecutive Tree Patterns to record the regularity of table structures and to extract the instances of a table by a set of Maximum Consecutive Patterns. Our algorithm employs a subtree comparison technique similar to the one used in Ref. 15 to mine a data region and extract its data records. However unlike the technique discussed in Ref. 15 which traverses a tag tree from the root downward in a depth-first fashion and executes the procedure CombComp is at each internal node, our algorithm only needs to explore the DomTree once and compare each pattern once.
A Novel Approach of
For table analysis, the instances of a table are associated with the related concepts in the domain ontology (given) to accomplish the task of annotation. In this step, we distinguish two kinds of tables, namely self-described tables and non-self-described tables (defined in Section 3.2). For a self-described table, we extract a Semantic Indicator for each column by finding the maximum prefix for all the values in that column. We then find an appropriate ontology concept using the synonym chain available in the WordNet 14 based on that semantic indicator. For a non-self-described table, three cases are considered, namely the head of the table, the linguistic pattern of the value in each cell and the link page of the value in the cell. A different strategy is provided in each case.
The rest of this paper is organized as follows: Section 2 first defines the table detection problem and describes our table detection algorithm. Section 3 discusses table analysis algorithm and shows the strategies for all possible situations. Section 4 presents our experiments and results. Section 5 concludes this paper.
Table Detection
In this section, we will introduce a table detection algorithm for identifying the structure of a table. Furthermore, it prepares the table analysis step to extract the contents from the table. Section 2.1 will introduce some basic definitions. Section 2.2 will give a comprehensive description of the algorithm. An example is presented in Section 2.3 to explain the algorithm.
Preliminaries
Our algorithm is designed based on the DOM tree derived from a web document in HTML or XML. The tree structure can be treated as an ordered tree T= {V, E, R}, where V designates a finite set of nodes, E designates the edges between the nodes, where E C V In Figure 2 , {"<TD> -> Fender", "<TD> -> USA"...} is a set of Consecutive Patterns. We can easily see that each row of a table is a set of Consecutive Patterns. Definition 3. Size(n) denotes the number of tags and S_nodes in n, where n could be a S_node or a C_node.
In Figure 2 , the size of the complex node rooted at "<TR>" is 10. We can see that the SubJTree Pattern Instances with the same SubJTree Pattern have the same size. Definition 4. Distance(n) denotes the distance from the root node R to the start tag of n, where n could be a S_node or a C_node. If the web document is treated as a text stream, Distance(n) is equal to the number of tags and S_nodes in the stream before the occurrence of the start tag of n.
For example, in Figure 2 , if "<Table>" is the root of the tree, then Distance (S_node("Name")) =3, Distance(S_node("FendeT")) =13. In our table detection algo-rithm, we will calculate the Distance for every node in T and all these can be done in the HTML parsing phase using our extended JDOM parser. This lemma is based on the continuity of HTML texts and can be easily proofed. Figure 3 shows our table detection algorithm. In Ref. 9 the authors classified two kinds of tables, genuine tables and non-genuine tables. Genuine tables are document entities where a two dimensional grid is semantically significant in conveying the logical relations among the cells. On the other hand non-genuine tables are document entities where the <TABLE> tags are used as a mechanism for grouping contents into clusters only for the ease of viewing. We can clearly see that only the genuine tables need to be annotated. We will try to extract only the genuine tables in this step.
The table detection algorithm
We can detect a genuine table structure by finding the Maximum Consecutive Patterns between a "<Table>" and "</Table>" pair where the Size of each pattern is above a certain threshold G In a non-genuine table, Maximum Consecutive Patterns certainly exist. But these patterns contain fewer structures and less information than those in a genuine table. Thus the size of such a pattern is always less than O . Using a threshold <T =3 or 4 will prevent the extraction of most non-genuine tables in real world documents. However, some nongenuine tables may still be extracted. We will drop those meaningless non-genuine tables in the table analysis step. Sometimes a web document may miss a "</TabIe>" tag or other end tags of a node; they will be added during the parsing phase with our extended JDOM parser.
In the algorithm we use an extended JDOM parser to parse an input web document. For every node three attributes are considered: node.depth(=Depth(node)), node.sj'ze (=Size(node)), and node.dist (=Distance(node)). In line 2, we find the sub_tree Twith the maximum size among all sub_trees (C_nodes) rooted at the tag "<Table>" of the DomTree. Usually many sub_trees rooted at the "<Table>" tag can be found in a DomTree, but the rows of the table we want to find are always hidden in the sub_tree rooted at the "<Table>" tag with the maximum size. All the leaf nodes (S_nodes) are stored in F\ with their pHash values. Reference 11 proposed a hash function to calculate the hash value for a node. Here the same function is used to calculate pHash for every node, but all Text_nodes are assigned the same pHash value. Therefore if two nodes have the same pattern, they will have the same pHash value. In the initial phase, we define some integer value based on the depth of the node, which will be used to terminate the loop later. After that, we adopt a Consecutive Patterns mining method by exploiting T from the leaf nodes to the root node. In lines 8-12, we use an Up_Extension technique to extend the nodes in Fi. Only those nodes with the maximum depth need to be extended, and the others will be extended later. In line 13 we use the function NodeMerge{Fi) as shown in Figure 4 to merge the nodes with the same root. In lines 14-24, we find all the Consecutive Patterns in Fi based on Lemma 1, and all these Consecutive Patterns are stored in Fi.conseqPattern. In line 28, maxCPFinding(\-\) finds the Max Consecutive Patterns in [Fi.conseqPattern,  Fi.conseqPattern, ..., Fi-\.conseqPattern) .
The UpJExtension technique is used to extend node n with its paT(n) to get a new node as shown in Figure 5 and to calculate the pHash value for the new node. The function NodeMerge(Fi) is used to merge the nodes in Fi. The merged nodes should share the same start tag as shown in Figure 5 . Figure 5 gives an example to illustrate our algorithm. We transform a real world HTML page into a DomTree rooted at node 101. The tag for node A is "<Table>", the tag for node B is "<TR>", the tag for node C is "<TD>", and the dark nodes are leaf nodes with a text value. We can see that F\ is the UpJExtension of FQ, and F2 is the UpJExtension of However, some noisy data may exist (e.g., non-genuine tables) and most of these noisy data will be dropped in this phase. The ontology describing the site is assumed to be available in our annotation system. For example, the table shown in the left hand side of Figure 1 describes "movies", while the table shown in the right hand side describes "flights". A real-world ontology called Onto contains a set of concepts or properties to describe movies. As usually a small subset of the concepts are used to annotate the corresponding values in a table, our task therefore is to identify the related concepts in Onto for every column of the table; subsequently these related concepts are used to annotate the cells of the column.
Algorithm

Strategies for table analysis
First we will separate two kinds of genuine tables (self-described and non-self-described) appeared in a web document. We will then use different strategies to associate some semantic meanings with them.
• Self-described tables: Every cell in a self-described table has specific semantic meanings with a text string, like the table shown in the left hand side of Figure 1 .
• Non-self-described tables: Every cell in a non-self-described table has no specific semantic meaning but only a value, like the table shown in the right hand side of Figure 1 .
For a self-described table, every cell in Table- Matrix has some semantic meaning by itself, that is to say, there exist both a Semantic Indicator and a value in the cell. For example, in the self-described table about "Movie", the following value may exist in a cell: "[name] -Matrix : ReLoad", where "[name]" is a Semantic Indicator indicating that the cell is used to describe the name of a film, "Matrix : ReLoad" is the value of the name, and "-" is the separator between the Semantic Indicator and its value.
Algorithm Semantic_Finding for self-described However, we cannot depend on the separator sometimes because they do not always exist. Fortunately in a self-described table, all the cells in a column always have the same Semantic Indicator. Based on this observation we propose the algorithm Semanticjinding as shown in Figure 6 . In the algorithm, we find the maximum prefix for all the cells in a column. The prefix would contain the Semantic Indicator for that column. After the Semantic Indicator is extracted, we decide whether some concept in Onto is in a synonym chain of the Semantic Indicator in the WordNet. If so, this concept can be used to describe the semantic meaning of the column, and can be used to annotate the column.
For a non-self-described table, the task is more difficult. We have developed three strategies for this task: (1) Exploiting table head information; (2) Exploiting the linguistic pattern of a cell and associating it with a concept; and (3) Exploiting the link page for the value in each cell.
(1) Exploiting table head information
If a table has a table head, then the semantic meanings for each column are hidden in the table head. In this situation, we need to find every value in the table head that can be used to describe the semantic meaning of a column such that some appropriate ontology concepts can be used to associate with the column. Our case study shows that table heads are always presented in either of the following two forms: After the table head is found, its value includes the Semantic Indicators for the related columns. So we can use lines 4-9 of the algorithm shown in Figure 6 to find the correct ontology concepts.
(2) Exploiting the linguistic pattern of each cell
This strategy is popular in some wrapper systems (e.g.,Refs. 12 and 13). The basic idea lies in that we can learn the semantic concept for some typical values in each cell. For example, consider "10018 Fourth Ave Brooklyn" and "120 Orchard Street New York". These values share a common linguistic pattern "NUMBER + STREET + CITY" which actually corresponds to the concept of "Address". Thus we can associate them with the concept "Address". As another example, the values "$17.95" and "$25.99" can be associated with the concept "Price".
(3) Exploiting the link page for the value in each cell
Link analysis is heavily used in web information retrieval. The link(s) in a row is often used as a pointer to a page that contains the details of a cell. In most cases, all values in the same row of a table are repeated in the corresponding detail page. We can use strategy (2) to find the corresponding concepts using the linguistic patterns identified in the detail page. These concepts designate the semantic meanings of the row.
An example
In real world web pages, some part of a table may be self-described and other part may be non-self-described. As an example, Figure 7 is such a sample table describing movie from www.blockbuster.com. So in our experiment, both kinds of table analysis strategies are integrated. This section will illustrate the whole table analysis process. Figure 8 is a part of movie ontology MoviejOnto that we built consisting of a concept and its related properties. In this ontology, linguistic patterns for some properties have been built. For example, "Name" has linguistic pattern "Name_String [String] (Year)", "Release Date" has linguistic pattern "Num Num/ Num Num/ Num Num", and "Running Time" has linguistic pattern "Nun hour Nun minutes". Table 1 shows the Table JAatrix constructed by  the table detection phase. From Table 1 , we can see 9 columns are detected and each of them is assigned a virtual name "A, B, C ..." Note, here we record the link page of each column (if available) for further use. Table analysis will identify the related concepts in Movie_Onto (see Figure 7) for each column of the Table_Matrix. Firstly, using algorithm Semantic_Finding on each column, we can find that column B has common suffix "[WS] (2004)" and column D contains the same value on each rows, so as column C. But from this information, we can find no relationship with the Movie_Onto. However, we can find Semantic Indicator "Rated" on column F, and "Rated" is a property of Movie_Onto. So we successfully identify an ontology property for column F, so as column G and I. Note, column A and E only contains images, so we ignore them in this step.
Secondly, exploring the linguistic pattern information on column B, we find that each value in it could match with the linguistic pattern in the ontology property "Name". So we successfully identify an ontology property for column B.
Thirdly, building wrappers for the link pages of the values in column A, B, D, E, F, H and I, we find the wrapper building process succeeded in column A, B, H and I, but failed in column D and E. From the wrappers, we find more property instances of Movie_Onto like "Director", "Running Time", "Price" and "Synopsis". Here we can also find that the instances of "Synopsis" have nearly the same values with those in column I. So column I can be used to describe the ontology property "Synopsis".
So, we have correctly identified the 5 ontology properties for column B, F, G, H and I, and these properties can be used to add semantic annotation for these cells. As a sup-plemental result, we also find the property instances of "Director", "Running Time" and "Price". They can also be used for semantic annotation.
Experiments
To evaluate the effectiveness of our approach, we designed experiments based on a set of real-life web sources including 11 sites. These sites describe 7 concepts {faculty, airport, movie, book, restaurant, stocks, hotel}. We used SWOOGLE to get the corresponding ontologies and made some improvements manually to each concept in order to make them usable for our experiments. As an example, Figure 9 shows the faculty ontology.
In each of these 11 sites, we selected 5 pages containing genuine tables, and some pages containing non-genuine tables. The table detection algorithm successfully extracted all the table structures from all the HTML pages in the data set as shown in Table 2 . Table 2 also shows the number of non-genuine tables extracted. The accuracy of the algorithm was calculated by the following formula: Accuracy = 9^,+nonGT ori -nonGT^ GT ori +nonGT ori (1) In the formula, GT ori and nonGT^ denote respectively the total number of genuine tables and non-genuine tables given originally, and GT ori and nonGT at designate the number of genuine tables and non-genuine tables that have been extracted by our table detection algorithm.
Note from the results of the table detection algorithm, we found most pages of a site containing genuine tables share the same structure because they were produced by the same template. Therefore we only need to choose one page from each site for semantic analysis. In Table 3 we list the number of columns appeared in the tables, the number of columns that should be annotated and the number of columns that were successfully annotated. From the results we can see that both algorithms are of quite high accuracy. The inaccuracy of table analysis was mainly resulted from certain specific features of a column. For example, at "www.amazon.com", an important column "Customer Rating" is reported with an image. As another example, at "boston.citysearch.com", a non-self-described table with a "brief introduction" column could not be correctly analyzed because the concept corresponding to the column is not contained in the ontology.
Conclusions
This paper presents an approach to automatically extracting instances from the tables in existing web documents. The core of our approach consists of two processes: table detection and table analysis. Based on the regularity of table structures, we have proposed an efficient table detection algorithm that uses an extended JDOM parser to parse a web page and explore the DomTree in a bottom up fashion. We use Consecutive Tree Patterns to record the structure regularity of tables, and extract the instances of a table by the Max Consecutive Patterns. In table analysis, we associate the instances of a table with their related concepts in a given ontology. In this step, we distinguish two kinds of tables: selfdescribed tables and non-self-described tables. For a self-described table, we extract its Semantic Indicators by finding the maximum prefix from all the values in the same column. We then find the appropriate ontology concepts using the synonym chains in the WordNet from the Semantic Indicators. For a non-self-described table, we consider information that may be derived from the head of a table, the linguistic pattern of a cell and the link page from a cell. A different strategy is designed for each situation and integrated into our system.
The performance of the proposed algorithms has been verified by a set of experiments based on real world web documents and the results are encouraging.
We are currently improving the table analysis by considering context information of the web document and building intelligent system on deep web by integrating our semantic annotation technique with the interface query technique discussed in Ref. 16 .
